In order to detect accurately faults in seismic inline sections, we propose a new bottom-up saliency based approach using different seismic attributes such as coherence, curvature, dip, and gradient in parallel. Each attribute is calculated independently from the original seismic section. The saliency maps of aforementioned attributes are computed using covariance matrix, which are later combined to form a consolidated saliency map that highlights the seismic fault regions. The covariance matrix is used to characterize the seismic patches and captures local structures. By thresholding the variance maps and optimizing the binary points for curve fitting, the proposed workflow yields good results for faults labeling.
INTRODUCTION
Seismic faults are common geological structures formed by the transverse movement of rocks adjacent to each other that disrupts the horizon continuity. Their detection is crucial to indicate potential petroleum reservoirs and facilitate in bore-hole and well drilling. Seismic interpreters spend considerable efforts in locating faults after processing the seismic data. Due to the massive nature of seismic data, adopting manual interpretation is extremely time consuming and labor intensive. Therefore, intelligent computer algorithms that can perform this task effectively and efficiently is an active area of research. Over the last decade, many algorithms have been proposed for the detection of horizons discontinuity based on seismic attributes, which can be further utilized to extract faults information.
Recently, a class of fault detection techniques that extract edge information has been proposed by several authors. A large number of algorithms, which use digital image processing concepts, are applied successfully to automate the seismic interpretation and address the strikingly growing size of acquired seismic data. Algorithms, which can automatically extract faults from a seismic volume include ant tracking algorithm (Basir et al. (2013) ), machine-learning-based algorithm (Zhang et al. (2014) ), directional filtering-based algorithm (Hale (2009) ), and Hough transform-based algorithms (AlBinHassan and Marfurt, 2003; Wang and AlRegib, 2014; Jacquemin and Mallet, 2005) . Generally, these techniques are applied to seismic sections after enhancing the discontinuity in different regions based on seismic attributes. A threshold is applied to convert the highlighted seismic section into an equivalent binary image, then an appropriate filter is applied before the final stage of labeling the fault lines/surfaces in 2D and 3D dataset, respectively.
As a great deal of research in computational cognitive science suggests, a saliency model can reduce the sensory data information by focusing attention on perceptually salient regions that contain the most useful information in an image or video. A saliency model developed by combining various seismic attributes can effectively highlight the fault regions in a seismic volume. Such saliency model enables the interpreter to identify the fault regions with little or no effort.
In this paper, we propose a novel approach based on visual saliency map to highlight the fault regions within seismic volumes. The saliency map of different attributes are computed separately using the covariance matrix approach proposed by Erdem (2013) . The saliency maps of attributes are then combined to form a collective saliency map, which highlights the fault locations in a seismic image. By applying an adaptive threshold to the variance-based saliency map, we precisely locate the fault points. Furthermore, we utilize the variancebased coherence and curvature attributes to optimize and label the fault points in a seismic section. Figure 1 illustrates the block diagram of the proposed workflow. In the first stage, we compute four different seismic attributes, which include the variance-based coherence by Marfurt et al. (1998) , curvature by Klein et al. (2008) , dip by Zhang and Bentley (2000) , and gradient attribute by Chopra et al. (2014) . In the second stage, we compute the saliency maps of each attribute and combine them using empirical weights determined according to the significance of seismic attributes in highlighting faults. This forms a consolidated saliency map effectively highlights the fault regions. In the last stage, we label faults by thresholding the variance-based saliency map, and connecting the binary points. We optimize the fault labels using both the curvature and the coherence maps. The estimated points are optimized to label the fault points by employing curve fitting. Several seismic attributes such as coherence, curvature, gradient, and dips can be exploited to make the fault regions prominent. Coherency measures the similarity between waveforms or traces. Geologically, a highly coherent seismic waveform indicates continuous lateral lithology. An abrupt change in the waveform indicates faults or fractures in the sediments.
PROPOSED METHOD
Coherency helps in accurately portraying stratigraphic places and associated faults. Among the several types of coherency available in the literature, in this paper, we will focus on the variance-based coherence, V (x, y), because it highlights the fault region. Mathematically, V (x, y) is given as
where s(x, y) represents the intensity of seismic signal at point (x, y), where x and y represent the coordinates of cross line and depth directions, respectively. (2r + 1) is the size of analysis window, where r is the length of the window. Figure 2a illustrates the variance-based coherence attribute of seismic inline section #256 obtained from the Netherlands offshore F3 block in the North Sea.
Curvature attribute is a two dimensional property of a curve and describes how bent a curve is at a particular point on the curve. Curvature attribute is a surface related attribute which brings out a particular structure such as fault, fractures, flexures, and folds. It is inevitable to observe these structures with artifacts in seismic sections. The curvature, K, which is the reciprocal of the radius of curvature, can be expressed as
Using grid cell approach proposed by Lisle (1994) , the calculation of coefficients reduces to a series of arithmetic expressions as
where a, b, c, d, e, and f are the coefficients of fitted curve in the grid. Several curvature attributes (Lisle (1994) ) can be obtained from the coefficient of equation (3) above. However, in our case, we select the most negative curvature as it is less vulnerable to noise, and enhances the fault region. The expression of the most negative curvature is given as
The curvature attribute of seismic inline section #256 is shown in Figure 2b .
The dip attribute can highlight subtle faults that have throws as well as stratigraphic features, which manifests it through changes. There are several ways of computing the dip and azimuth from seismic data, which include aligning the phase derived from complex-trace analysis, discretely scanning for the most coherent reflector and cross correlating the gradient of data and forming a gradient structure tensor. The first method, which computes dips using complex analysis will be followed in this paper. See (Barnes ,2000 (Barnes , , 2007 Taner, 1979; Zhang and Bentley, 2000) for further details on complex trace analysis.
To calculate the dip, we first calculate the instantaneous wave numbers in the cross line and depth directions, K x (x, y) and K y (x, y), respectively, as
where u is the input data and the superscript H denotes the Hilbert operator. The instantaneous dip, θ , is then given by Figure 2c shows the dip attribute of the seismic inline section #256.
The gradient attribute highlights the edges by computing the gradient in x-direction and in y-directions, respectively. However, we will consider the gradient in the x-direction because it enhances the fault region better. The following expression shows the gradient computation in x-direction.
The gradient of the seismic inline section #256 is shown in Figure 2d . The covariance matrix has traditionally been used to represent the auto and cross correlation among a set of variables while a diagonal element represents variances of the variables (features), and off diagonal elements represent the correlation among different pairs of variables (Förstner and Moonen, 1999) . Unlike the conventional computation of saliency, which assumes the responses of linear filter are independent of each other and combine them linearly, incorporating a second order statistics within a single descriptor encodes the local structure well, and provides robustness and high discriminative power as shown in Erdem and Erdem (2013) .
Let R i denotes the region under consideration whose immediate context is defined by the region {R j } with a radius r. The saliency of R i is defined as the weighted average of dissimilarity between R i to the m most similar region around it. More formally, the saliency of region R i is given by
where the m most similar regions to R i are found according to the dissimilarity measure, d(R i , R j ), defined as
with C i and C j denoting the covariance matrices, and x i and x j being the image coordinates of the centre of region R i and R j , respectively. In determining the distinctiveness of a region, weighting covariance distances by inverse spatial distance decreases the influences of visually similar nearby region and introduces a grouping like effect.
To obtain a consolidated saliency map, we initially rescale the input attribute map to a 512 × 512 region, the region size set is {16, 32, 64}, r = 3, σ is chosen as 0.02 * 512, and the number of most similar neighbors is selected as 1/10. The saliency maps of gradient, curvature, dip, and variance-based coherence attributes are shown in Figures 3a, 3b , 3c, and 3d, respectively, which shows that the saliency maps of gradient and the curvature attributes highlight the fault region precisely, while the dip and coherence attributes highlight other regions surrounding the fault as well. We linearly combine those saliency maps. The saliency maps of curvature and gradient show better performance and are given more weight compared to the dip and coherence maps.
Fault Labeling
After obtaining the consolidated saliency map, the interpreter has a clear idea of where the fault is likely to be located. Next, to label the fault line, we first threshold the variance map, and then use geological constraints as in Wang and AlRegib (2014) to remove false features. The results of thresholding saliency maps in seismic inline sections #256 and #272 are shown in Figures 4a and 4b , respectively. These binary points are then connected to form a straight line. However, the line is not accurate enough to illustrate the fault labeling. In order to improve the accuracy, we employ both coherency and curvature maps to re-label the faults because variance-based coherency Assuming that the initial connected fault lines have coordinates at point i, P c (i) = (x c (i), z c (i)), i = 1, 2, ..., where x c and z c are the coordinates of the crossline and inline directions, respectively at point i. This coordinate is used with a particular radius r s = 2 to search a group of points in the variance map along the cross line to obtain a point that corresponds to a local maximum along the points x m (i). We also use same coordinates to search for a group of points that correspond to the local maximum of curvature map, x n (i). We obtain a new set of coordinate, and it is averaged to obtain x w (i) to improve accuracy
Now, each crossline has two probable candidate points; one x c (i), and second x w (i). The next step is to decide the fault position between the interval [x c (i), x w (i)]. We use the following objective function similar to one proposed in Wang and AlRegib (2014) to estimate the fault position.
The binary coordinates of optimization points are used to fit a line in the fault regions, which indicate the fault line in the seismic inline sections.
EXPERIMENTAL RESULTS
The dataset used in this paper is obtained from the Netherlands offshore, F3 block in the North Sea. We focused mainly on seismic inline sections with clear and visible fault lines such as in inline ranging from #200 to #300, cross line ranging from #700 to #1200, and the time section ranging from 400ms to 1100ms.
The fault regions are highlighted by considering multiple attributes with different weights. After we obtain saliency maps as shown in Figures 3a-3d , we combine the saliency map by assigning more weight to the gradient and curvature based saliency maps, and less weight to the curvature and dip saliency maps as shown in Figure 5a . The resultant saliency map is then overlaid on the original seismic section to highlight the fault region as shown in Figure 5b . The saliency map reduces the visual search area for an interpreter and highlight the probable location of the fault. Figures 6a and 6b show the detected faults labeled in green color line on the seismic inline sections #256 and #272, respectively, with the ground truth manually labelled in red. Subjectively, it can be observed that the output of the proposed workflow yields fault labels very close to the ground truth, in- dicating the efficacy of the proposed workflow.
To objectively evaluate the similarity between the detected fault label and the ground truth, we use the Fréchet-distance-based similarity index, SalSIM, proposed by Wang et al. (2015) . The SalSIM index varies between 0 and 1, indicating the minimum and maximum similarity between the two fault labels, respectively. The SalSIM indices of ten different seismic inline sections are shown in Figure 7 , which illustrates the effectiveness of the proposed workflow for fault labeling. 
CONCLUSION
In this paper, we calculated various seismic attributes and computed the saliency maps for each. The saliency maps were then combined using empirically selected weights to yield a consolidated saliency map highlighting the fault regions within seismic sections. Combined saliency map with carefully selected weights highlights the fault regions better than the individual maps. Fault labeling was performed by utilizing both curvature map and the variance based coherence map. The experimental results shown in this paper illustrate that the proposed workflow highlights the fault regions and detected fault lines very precisely.
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